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Abstract. This work presents a method for training convolutional neural net-
works (CNNs) based on the dynamic alteration of the loss function that guides
model optimization. First, a comparative analysis of six different loss functions
applied to CNNs for medical image segmentation is conducted. Through experi-
ments with the colon cancer dataset from the Medical Segmentation Decathlon,
distribution-based functions (Focal Loss, TopK Loss, and Binary Cross-Entropy)
and region-based functions (Dice Loss, loU Loss, and Tversky Loss) are eval-
uated. The results demonstrate that distribution-based functions consistently
outperform region-based functions. Furthermore, the dynamic alteration of the
functions achieved an increase in accuracy of up to 12% when compared to
composite approaches. Qualitative analysis revealed that this approach not only
improves quantitative metrics but also enhances the visual quality of segmenta-
tion. These findings provide valuable insights for optimizing CNN performance
in medical image segmentation and contribute to the development of more ac-
curate solutions in Al-assisted diagnosis.

1. Introduction

The advancement of Computer Vision techniques has significantly transformed health-
care, enabling the automation of important tasks ranging from early anomaly detection to
artificial intelligence-assisted diagnostics. In this context, Convolutional Neural Networks
(CNNs) have stood out for some time as powerful tools in medical image segmentation,
such as X-rays, Magnetic Resonance Imaging, and Ultrasound, enabling the precise iden-
tification of anatomical structures and pathologies.

A fundamental aspect, yet frequently underestimated, of the success of these mod-
els is the appropriate choice of the loss function, which directly influences training effi-
ciency and the accuracy of the final model. The loss function guides the learning process,
determining how a neural network adjusts its weights to minimize the error between pre-
dictions and ground truth values. In the medical context, where images frequently exhibit
significant class imbalances, the choice of loss function becomes even more important.

The present work proposes a CNN training method based on the dynamic alter-
ation of the loss function that guides the optimization of models applied to the problem
of medical image segmentation. Through systematic experiments on the colon cancer



dataset from the Medical Segmentation Decathlon, three distribution-based functions (Bi-
nary Cross-Entropy, Focal Loss, and TopK Loss) and three region-based functions (Dice
Loss, IoU Loss, and Tversky Loss) are evaluated regarding their performance and robust-
ness in binary segmentation tasks.

The main contributions of this work include: a method that dynamically alters the
loss function of the gradient backpropagation algorithm; a comparative analysis of distinct
loss functions categorized into distribution-based and region-based functions; the investi-
gation of strategies involving the dynamic alteration of the loss function as an alternative
to traditional composite functions, demonstrating its superiority; and a detailed qualita-
tive and quantitative evaluation that reveals both numerical and visual improvements in
segmentation quality. An analysis of related works suggests that the idea of dynamically
altered loss functions has not yet been reported in the literature, which highlights the
contribution of the present work.

2. Related Works

The definition of loss functions that guide the optimization process of deep network train-
ing can be considered one of the keys to the success of these architectures applied to image
classification and segmentation across various domains, having inspired numerous initia-
tives. An example can be found in the work of [Lin et al. 2020], which introduced the
Focal Loss in the context of RetinaNet for object detection, aiming to learn more complex
examples and reduce the impact of false negatives on easy examples. The function uses
a modulating factor that allows the model to concentrate its learning on the most chal-
lenging pixels, which is an important characteristic in medical images, where structures
of interest are frequently small and subtle. The TopK Loss, proposed by [Wu et al. 2016],
selects only the k% pixels with the lowest predicted probability for the target class, prov-
ing effective in scenarios with noisy annotations.

[Milletari et al. 2016] adapted the Dice Coefficient as a differentiable loss func-
tion, the Dice Loss, which is effective for the segmentation of small objects. The IoU
Loss, explored by [Rahman and Wang 2016], offers an alternative with slightly different
characteristics in the penalization of false positives and negatives. [Salehi et al. 2017] in-
troduced the Tversky Loss, generalizing the Tversky index to independently control the
weight of false positives and false negatives, a flexibility particularly valuable in medical
applications.

The categorization of loss functions was systematized by [Ma et al. 2021], who
proposed a taxonomy with four categories: distribution-based, region-based, boundary-
based, and composite. The authors demonstrate that composite functions (particularly
Dice + TopK Loss) offer greater robustness than single functions, providing empirical
evidence that motivates the investigation of combination strategies in the present work.
The papers by [Wang et al. 2020] and [Tian et al. 2022] present complementary reviews
on loss functions in machine learning.

Although recent advances in medical image segmentation have explored
Transformer-based architectures, the choice of loss function remains a fundamental as-
pect of training regardless of the underlying architecture, which motivates the present
investigation.

A loss scheduling technique for addressing class imbalance problems in semantic



image segmentation was presented by [Taubert et al. 2020]. The method is a compos-
ite approach in which the weights change gradually during training. Two scheduling
strategies were proposed: Naive (linear transition) and Alternating (linear ramp followed
by sinusoidal decay). Experiments on three datasets (PASCAL VOC 2012, SBD, and
Cityscapes) demonstrated that loss scheduling could consistently direct the model to local
minima that emphasize underrepresented classes, improving class-averaged recall com-
pared to traditional static loss functions while maintaining adequate calibration properties.
However, the work presented limitations in the systematic definition of the weights and
scheduling hyperparameters, opting for simplified heuristics instead of specific optimiza-
tion strategies for each dataset and loss function combination.

The strategy presented in this paper differs from the previous literature in the
sense that it proposes an abrupt change in the loss function, from a region-based to a
distribution-based approach, instead of linearly combining multiple loss functions for
training.

3. Loss Functions

All loss functions presented in this study were selected based on the works of
[Ma et al. 2021] and [Xu et al. 2023]. The choice of these six functions and their combi-
nations is justified by their prevalence in studies found in the image segmentation litera-
ture. Thus, three distribution-based functions (Focal Loss, TopK Loss, and Binary Cross-
Entropy) and three region-based functions (Dice Loss, IoU Loss, and Tversky Loss) were
chosen for the experiments with composite functions from different categories, analyzing
their impacts on the final segmentation metric results. The motivation for choosing these
functions was to investigate whether the complementary characteristics of each category
could be effectively combined through dynamic loss function switching.

In the remainder of this text, / denotes an image in R? or R? domains, and S and
G are the segmentation result and its ground truth, respectively. In this notation, s; and g;
correspond to the predicted segmentation and the ground truth of voxel ¢, /V is the number
of voxels in image /, and C' is the number of classes.

3.1. Distribution-Based Functions

Distribution-based loss functions aim to minimize the dissimilarity between two distribu-
tions. The primary function in this category is Cross-Entropy, from which all others are
derived.

Binary Cross-Entropy: adapts Information Theory to measure differences between
probability distributions in binary classification tasks [Xu et al. 2023], computing the er-
ror pixel by pixel through the negative log-likelihood function and being especially ef-
fective when there is class imbalance. A more easily implementable version is the Bi-
nary Cross-Entropy with Logit Loss, which applies the sigmoid function after the original
function, defined as

N
1
Loce =~ ;7 log(s;) + (1 — ) log(1 — g;), (1)

where v € {0, 1} is the binary class of the i-th pixel.



Focal Loss: represents an adaptation of conventional cross-entropy that concentrates
learning on challenging samples, reducing the weight assigned to easily classified exam-
ples, while simultaneously addressing the class imbalance problem between object and
background [Lin et al. 2020]. It is defined as:
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where v > 0 reduces the relative loss for well-classified examples. The original paper
indicates the value of v = 2 as the most effective.

TopK Loss: an extension of the cross-entropy loss function designed specifically to
handle hard examples during training [Wu et al. 2016]. The TopK Loss drives the model
to learn solely based on the pixels that are most difficult to classify at each iteration. The
k% of pixels with the lowest predicted probability for the target class are selected, and
only their loss is considered. It is defined by:

C
L =~ 3 3 gt logss;, 3)
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where K is the set of the k% worst pixels.

3.2. Region-Based Functions

Region-based functions aim to minimize the disparity or maximize the overlap between
regions of the true labels g and the predicted segmentation s. The most popular function
in this category is the Dice Loss.

Dice Loss: adapts the Dice similarity metric as a loss function to maximize the intersec-
tion between predictions and ground truth annotations [Drozdzal et al. 2016], providing
better performance in the segmentation of small objects and cases with unequal class
distribution. It is defined as:
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IoU (Jaccard) Loss: adapts the Jaccard index as a differentiable loss function to directly
optimize the Intersection over Union metric, measuring the ratio between the intersection
and the union of the segmented masks, demonstrating superiority over pixel-based losses
for semantic segmentation tasks [Rahman and Wang 2016]. It is defined as:
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Tversky Loss: adapts the Tversky index in the form of a generalized loss function to
address data imbalance in medical segmentation, introducing the hyperparameters v and
B to independently control the weight of false positives and false negatives, enabling a
better trade-off between precision and recall [Salehi et al. 2017]. It is defined as:

LTversky =1~ T(CY, 5) (6)
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where o and 3 are hyperparameters that compensate for the weight of false negatives and
false positives.

3.3. Composite Functions

Composite functions are the combination of two or more functions simultaneously, aim-
ing to aggregate their impacts. These functions were used as a comparison in the second
experimental hypothesis to evaluate whether the approach of switching functions during
training could outperform the use of traditional composite functions. In this work, com-
posite functions consisting of 2 terms were analyzed, in the form L = L4 + Lp:

* Dice Focal Loss: is the sum of the Dice and Focal functions in order to alleviate
class imbalance and force the model to better learn from poorly segmented pixels.

* IoU Binary Cross-Entropy Loss: combines the optimization of the Intersection
over Union metric with the robustness of binary cross-entropy.

* Tversky Binary Cross-Entropy Loss: combines the fine-grained control of false
positives and negatives from Tversky Loss with the robustness of binary cross-
entropy.

* ToU TopK Loss: combines the optimization of the IoU overlap metric with a
focus on the most challenging pixels from TopK Loss.

The functions were taken from the PyTorch and segmentation-models-pytorch li-
braries. The Tversky Loss used v = 0.3, and § = 0.7; the Focal Loss was implemented
with v = 2, and the TopK Loss with £ = 0.6. All other functions used the default
parameters available in the PyTorch and segmentation-models-pytorch libraries.

4. Materials and Methods

The methodology of this work was structured to allow for a systematic and comparative
evaluation of different loss functions in the context of medical image segmentation, their
simultaneous combinations, and dynamic alteration.

4.1. Model Architecture

The segmentation model used to implement the proposed dynamic alteration of the loss
function was based on the U-Net architecture with an EfficientNet-BO backbone and is
shown in Fig. 1. The U-Net architecture, proposed by [Ronneberger et al. 2015], is char-
acterized by its skip connections that preserve high-resolution spatial information dur-
ing the decoding process. This architecture became an important reference for medi-
cal segmentation due to its ability to efficiently handle the scarcity of annotated data,
which is common in medical applications. The EfficientNet model was proposed by



[Tan and Le 2019] and generated a family of architectures that simultaneously optimize
network depth, width, and resolution through compound scaling. This choice was moti-
vated by the computational efficiency of EfficientNet, which offers an optimized balance
between parameters and learning capacity, and by the inherent adaptability of the U-Net
skip connections for segmenting complex medical structures.
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Figure 1. Architecture of the segmentation network used to implement the pro-
posed dynamic loss alteration.

The model was configured with 3 input channels (RGB) and 1 output channel with
a sigmoid activation function. The hyperparameters used in the U-Net model training
were: a batch size of 32; learning rate of le-4 with adaptive reduction; and the Adam
optimizer.

4.2. Dataset

The dataset used in this article was the tenth task of the Medical Segmentation Decathlon
[Antonelli et al. 2022], specifically focused on colon cancer segmentation. The dataset
contains 13,486 images with a resolution rescaled to 256 x256 voxels per plane and cor-
responding binary masks. The choice of this dataset was based on three main criteria:
(1) usability and ease of processing; (2) substantial quantity of images that allows robust
training; and (3) binary nature of segmentation, suitable for demonstrating the results of
different loss functions in a controlled and well-defined scenario. The dataset presents a
ratio of 9.5:1 (1,285 images containing the target class and 12,201 containing only back-
ground) at the image level, characterizing a moderately imbalanced scenario that allows
for adequate evaluation of the performance of different proposed approaches. The dataset
was partitioned into 10,788 images for training and 2,698 for testing. Images from the
same patient were kept either in the training or the testing set to avoid data leakage.



4.3. Evaluation Metrics

The main metrics used to evaluate the performance of the image segmentation models
were the Dice coefficient and the [oU metric, which quantify the similarity between model
predictions and true labels (ground truth), providing indicators of segmentation quality.

4.3.1. Dice Coefficient

The Dice Coefficient, also known as the Sgrensen-Dice Index or F1-Score, is a metric
widely used to measure similarity between two datasets, and it being especially popular
in image segmentation tasks and machine learning model evaluation. It is defined as

Dice(G, S) = 2|/G'N 8|/(IG] +19)). )

4.3.2. Intersection over Union

The IoU is one of the most important and widely used metrics for evaluating image seg-
mentation quality and object detection in computer vision and machine learning. It is
defined as

IoU(G,S) =|GNS|/|[GUS]. )

5. Experiments and Results

The experiments were conducted on a local 17-13700F 16/24, 5.2 GHz processor, with
32 GB of RAM and an RTX 4070 12 GB GPU. To evaluate the model performance with
different functions, IoU and Dice metrics were used for each test performed. The method
was implemented using the PyTorch framework due to its flexibility and efficiency in
developing deep learning models.

The first set of tests used single loss functions for network training. The values
presented in Table 1 correspond to the average Dice and IoU metrics obtained in the
experiments for 50 training epochs. The number of epochs was defined beforehand based
on the duration of training (an average of approximately 40 minutes) and was shown to
be sufficient for convergence.

The second set of tests investigated the use of composite functions. Table 2
presents the average results obtained by composite functions during 100 epochs, i.e., func-
tions from different approaches applied simultaneously throughout training.

The third set of tests investigated the dynamic alteration of region-based loss func-
tions to distribution-based functions, aiming to evaluate whether the impact on perfor-
mance metrics would be cumulative or if learning from the first function would be re-
placed by the second. Unlike the loss scheduling work of [Taubert et al. 2020], which
transitions from dice loss to cross-entropy aiming to improve performance on imbalanced
classes, our proposal substitutes a region loss for a distribution loss with the objective of
increasing model accuracy regardless of imbalance. Experiments were conducted using
different combinations of loss functions, where the first function served as a base for the
initial training for 50 epochs, followed by the application of the second function for an
additional 50 epochs, totaling 100 epochs.



Table 1. Average+tstandard deviation of the Dice and loU metrics for the experi-

ments with single loss functions.

Loss Function Dice IoU

Focal loss 0,7538 £+ 0.0062 0,6342 + 0.0060
TopK loss 0,7465 4+ 0.0142 0,6265 + 0.0154
Binary Cross Entropy loss  0,7462 4+ 0.0111 0,6324 4+ 0.0140
Dice loss 0,6976 & 0.0132 0,5792 + 0.0134
IoU (Jaccard) loss 0,6759 £ 0.0151 0,5582 4+ 0.0164
Tversky loss 0,6740 £ 0.0290 0,5469 + 0.0329

Table 2. Average+tstandard deviation of the Dice and loU metrics for the experi-

ments with composite loss functions.

Loss Function Dice IoU
Tversky + Binary Cross Entropy  0,7153 4+ 0.0088 0,5985 + 0.0103
IoU + Binary Cross Entropy 0,7060 + 0.0030 0,5912 +£ 0.0027

IoU + TopK
Dice + Focal

0,7034 £ 0.0026
0,6983 £ 0.0018

0,5897 £ 0.0023
0,5828 £ 0.0019

The methodological strategy was based on the hypothesis that different categories
of loss functions have complementary characteristics that could be exploited through the
dynamic alteration of different functions, offering an alternative to traditional linear com-
binations. Thus, three region-based functions (IoU, Dice, and Tversky) were used as
a base for initial training, followed by the application of three distribution-based func-
tions (Focal, TopK, and Binary Cross-Entropy) as refinement after 50 epochs, totaling 9
combinations, which allowed for the evaluation of the interactions between these two dis-
tinct optimization strategies in image segmentation. Table 3 presents the results obtained
through the dynamic alteration of loss functions.

Table 3. Average+tstandard deviation of the Dice and loU metrics for the experi-
ments with Dynamic Alteration.

Dynamic Alteration Dice IoU

Dice loss followed by Focal loss 0,7642 + 0.0054 0,6507 + 0.0067
Dice loss followed by TopK loss 0,7734 + 0.0068 00,6608 £ 0.0081
Dice loss followed by Binary Cross Entropy 0,7758 + 0.0083  0,6574 £ 0.0083
IoU loss followed by Focal loss 0,7769 + 0.0035 0,6558 4 0.0036
IoU loss followed by TopK loss 0,7851 + 0.0078 0,6689 + 0.0077
IoU loss followed by Binary Cross Entropy 0,7882 £+ 0.0052 0,6750 £ 0.0054
Tversky loss followed by Focal loss 0,7583 £ 0.0056 00,6426 + 0.0063
Tversky loss followed by TopK loss 0,7842 + 0.0089 0,6667 £ 0.0084

Tversky loss followed by Binary CrossEntropy 0,7866 + 0.0122

0,6754 £ 0.0129

6. Discussion

A qualitative analysis of the loss function behavior during training and validation, as well
as the predicted segmentation masks obtained from the third group of experiments, re-
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Figure 2. lllustration of the training/validation loss behavior when the loss func-
tion is dynamically altered from loU Loss to Dice Loss at epoch 50.

veals a significant benefit achieved by the dynamic alteration of the loss function. The
example in Fig. 2 uses a transition between two region-based functions (IoU to Dice) to
illustrate the switching mechanism. This choice was necessary because the substantial
difference in magnitude between region-based losses (typically ranging from 0.3 to 1.0)
and distribution-based losses (operating at values below 0.01) prevents meaningful visu-
alization of a cross-category transition in a single plot. The sudden drop pattern shown
in Fig. 2 is consistently observed across all tested combinations, including the region-to-
distribution transitions reported in Table 3. This behavior suggests that altering the loss
function during training allows for combining the advantages of different approaches,
resulting in more precise and robust segmentation. Fig. 3 shows an example in which
the model trained with dynamic alteration, starting with a region-based loss function and
subsequently refined with TopK Loss, improved prediction quality and corrected specific
errors observed when using single or composite functions. The improvement in seg-
mentation is clear, with both a reduction in prediction errors and an enhancement in the
precision of tumor delineation.

Regarding clinical relevance, the Dice score of 0.78 obtained by the dynamic alter-
ation approach can be contextualized against the Medical Segmentation Decathlon chal-
lenge, where colon cancer was one of the hardest tasks, with a median Dice of 0.16 across
participants and 0.56 for the top-ranking method [Antonelli et al. 2022]. In medical image
segmentation, Dice scores above 0.7 are generally considered acceptable for computer-
aided screening, while scores above 0.9 are typically required for clinical deployment.
The obtained results thus suggest potential applicability in a screening context, where
automated segmentation serves as a preliminary delineation subject to expert review.

In order to assess the statistical significance of the improvement obtained by dy-
namic alteration, a 5-fold cross-validation set of additional experiments was performed.
The same partition proportion of 80% of the data for training and 20% for testing was
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Figure 3. Comparison of the results obtained for the segmentation of slice 102
of image 008 from Medical Decathlon. (a) 150 <150 pixel region of interest of the
original image, starting at x,y=(200,100), showing the tumor and (b) Ground-truth
segmentation mask. The remaining images show the segmentation obtained us-
ing: loU loss (c); Dice loss (d) Tversky loss (e); Topk loss (f); loU + TopK (g); Dice
+ Topk (h); Tversky + Topk (i); loU followed by TopK (j); Dice followed by Topk (k);
and Tversky followed by Topk (I).

applied to the composite functions and to the dynamic alteration. The objective was to
determine whether results from the linear combination of two loss functions in a single
training stage would be surpassed by the results obtained through dynamic alteration,
where the second loss function is applied after training the model with the first function.
For the composite functions, the model was trained in a single step for 100 epochs. In the
case of the dynamic alteration, the model was trained with the first loss function for 50
epochs, followed by the second function for an additional 50 epochs. Two-tailed Student’s
t tests were used to assess the significance of the differences obtained in both approaches.

The results from Table 4 consistently demonstrate that the dynamic alteration of
the loss function surpasses the use of composite functions in all tested combinations.
Differences in Dice metrics ranged from 0.09 to 0.15, representing improvements of 13
to 24% in performance. For the IoU metric, the differences ranged from 0.08 to 0.13, a
gain between 14 and 24%. All p-values were smaller than 0.003.

The superiority of dynamic function alteration over composite functions can be
explained by the following factors:

1. Gradual Specialization: Altering from one function to another during training



Table 4. Mean(standard deviation) and ¢-statistics(p-value) for the 5-fold cross-
validation experiments comparing composite function (CF) and dynamic alter-
ation (DA) based on Dice and loU metrics.

Loss functions Dice Performance Metric IoU Performance Metric
CF DA t (p-value) CF DA t (p-value)

Tversky and BCE  0.66 (0.03) 0.78 (0.02) 7.4 (0.0001) 0.54 (0.03) 0.67 (0.02) 8.06 (0.0001)
IoU and BCE 0.65(0.03) 0.77 (0.03)  6.32(0.0002) 0.56 (0.03) 0.67 (0.03)  5.80 (0.0004)
IoUand TopK  0.63(0.02) 0.78 (0.02) 11.86 (0.0001) 0.54 (0.02) 0.67 (0.02) 10.23 (0.0001)
Dice and Focal ~ 0.67 (0.03) 0.76 (0.02) 5.58 (0.0005) 0.57 (0.03) 0.65 (0.03) 4.22 (0.0029)

allows the network to first learn general characteristics with one function, then to
specialize with the second function.

2. Convergence Stability: It avoids conflicts between potentially antagonistic objec-
tives of the two functions during training when one loss is added to the other, as
in the composite approach.

3. Solution Space Exploration: It enables more efficient exploration of parameter
space in two distinct stages.

7. Conclusion

This study presented a strategy for training CNNs using two consecutive loss functions
instead of single or composite ones. Experiments conducted on the colon cancer seg-
mentation task revealed that distribution-based functions showed superior performance
compared to region-based functions for the analyzed colon cancer dataset. The dynamic
function alteration approach proved to be an effective strategy for combining the advan-
tages of different categories of loss functions. Experiments evidenced that starting train-
ing with region-based functions and subsequently changing to distribution-based func-
tions resulted in consistent improvements in quantitative metrics. The IoU followed by
TopK and the Tversky followed by BCE achieved the best overall performance in tested
cases (Dice: 0.78; IoU: 0.67).

Qualitative analysis of the predicted masks revealed that, in addition to numerical
improvements, this approach provided visually more accurate segmentation, with a sig-
nificant reduction in prediction errors and better definition of the edges of the segmented
objects. Particularly notable was the correction of specific segmentation problems ob-
served while using single loss functions, such as the incorrect segmentation of objects
into separate regions.

Based on the obtained results, some limitations should be acknowledged: the
evaluation was conducted on a single dataset, the switching point at epoch 50 was not
systematically optimized, and the comparison between single functions (50 epochs) and
dynamic alteration (100 epochs) does not fully isolate the effect of extended training.
However, the comparison between composite and dynamic approaches confirms the
superiority of the proposed method. Future work includes validation on additional
medical datasets, experimentation with alternative switching points, and the development
of adaptive strategies that automatically determine when to transition between loss
functions based on convergence metrics.
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